This study proposes an artificial neural network (ANN)-based thermal control method for buildings with double skin envelopes that has rational relationships between the ANN model input and output. The relationship between the indoor air temperature and surrounding environmental factors was investigated based on field measurement data from an actual building. The results imply that the indoor temperature was not significantly influenced by vertical solar irradiance, but by the outdoor and cavity temperature. Accordingly, a new ANN model developed in this study excluded solar irradiance as an input variable for predicting the future indoor temperature. The structure and learning method of this new ANN model was optimized, followed by the performance tests of a variety of internal and external envelope opening strategies for the heating and cooling seasons. The performance tests revealed that the optimized ANN-based logic yielded better temperature conditions than the non-ANN based logic. This ANN-based logic increased overall comfortable periods and decreased the frequency of overshoots and undershoots out of the thermal comfort range. The ANN model proved that it has the potential to be successfully applied in the temperature control logic for double skin-enveloped buildings. The ANN model, which was proposed in this study, effectively predicted future indoor temperatures for the diverse opening strategies. The ANN-based logic optimally 
determined the operation of heating and cooling systems as well as opening conditions for the double skin envelopes.
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Nomenclature:
TEMP IN Indoor air temperature (°C) ΔTEMP IN Indoor air temperature change from the preceding cycle (°C) TEMP OUT Outdoor air temperature (°C) TEMP CAV Cavity air temperature (°C) TEMP PR Indoor air temperature change predicted by the ANN model (°C) N i
Number of neurons in the input layer N h
Number of neurons in the hidden layer N o
Number of neurons in the output layer N d
Number of training data sets
Introduction
A double skin envelope (DSE) has been applied to buildings constructed with curtain wall structures. This is due to the resulting improved insulation capability, utilization of solar energy and control of energy flow, features which are rarely available in single-skinned buildings. It is well known that solar energy accumulated in the cavity formed between the internal and external skins functions to effectively reduce heating energy utilization in the winter when the openings installed in the envelopes are controlled appropriately [1] [2] [3] [4] . Not only the proper operation of the openings, but also the operation of the shading devices is critical to improve building energy-efficiency. From this point of view, an integrated glass-shading device system on the external was developed for reducing heating and cooling loads by controlling the amount of solar incidence. In comparative performance tests with traditional building enclosures, the double skin envelope with the proposed shading device system proved its superiority in building energy behavior [5] .
Diverse ventilation strategies involving the openings in the double skin envelopes have been investigated to identify more energy efficient control methods. For example, rule-based and optimal theory-based controls were proposed to control openings in the internal and external envelopes of buildings [6, 7] . Rule-based control methods are more frequently applied in actual buildings due to the simplicity of the required control algorithms and devices.
However, previous studies have revealed some limitations of the rule-based methods [1, 2, 8, 9 ]. An effective temperature control logic based on an artificial neural network (ANN) was proposed in these studies in order to improve the intuitiveness of the rules in the logic of rule-based methods. The different types of control logic used for heating and cooling seasons are shown in Figure 1 , where the ANN model was employed for predictive and adaptive controls.
Two fundamental rules are engaged in the control logic. First, the operation of the openings of the internal and external envelopes is determined based on the ANN predictions (TEMP PRE ) for 4-opening strategies in the 1st step of the Figure 1 . For example, the optimal opening strategy in the winter is the way that the future indoor temperature will be highest.
Second, the operation of the heating and cooling systems is determined by the comparison between the TEMP IN + TEMP PRE and the specified operating ranges in the 2nd and 3rd steps of the Figure 1 . For example, when the heating system is working and TEMP IN + TEM PRE is over the upper limit of heating range, a heating system stops working at the current cycle. The ANN model developed in previous studies predicted future indoor temperature conditions based on a series of inputs such as the indoor temperature, indoor temperature changes from the preceding control cycle, outdoor and cavity temperature, solar irradiance through the vertical surface, and the opening conditions of the internal and external envelopes. A control cycle means a repeated cycle in the control loop based on which the conditions of the thermal factors are monitored and the signals for system operation are determined. The time frame of cycle in the previous and this study was 1 min.
Specifically, the ANN model predicted future indoor temperature conditions under four combined internal and external envelope opening options. The predicted future temperature of the indoor space under the four combined opening options was compared using control logic in order to determine the optimum method to control the openings in the installed envelopes. Based on the results obtained from the control logic, optimal control strategies for the openings as well as the operation of heating and cooling systems were determined.
The indoor temperature profile provided by the ANN-based control logic is conceptually illustrated in Figure 2 . Since the working conditions of the heating and cooling systems are predetermined before the indoor temperature reached or went beyond the operating range, the indoor temperature could be more stably maintained within the designated thermal comfort range. The performance tests conducted in previous studies implied that the ANN models had acceptable prediction accuracy for temperature variation [1, 2, 8, 10] . This result led to the conclusion that the control logic and ANN model have strong potential for predicting future temperature variation in buildings with double skin envelopes. Although the results of previous studies suggested advancement in thermal control for buildings, the ANN-based method, which was developed in the previous study, had limitations in predicting the indoor temperature. The input variables used in the ANN model were intuitively selected without substantial verification of their relationship with the output. The indoor, outdoor and cavity temperatures as well as the amount of solar irradiance were assumed to have a significant effect on the future indoor temperature based on a general understanding. Thus, since the scientific rationality for choosing input variables for predicting output variable was not clearly proved, there is a possibility that the previous ANN model provides extraordinary prediction results for future temperature conditions under the assumptions made in previous studies. [1, 2, 8, 10] .
The aim of this study was to develop an ANN model based on the relationships between variables used for inputs and outputs in order to resolve the limitations of the previously proposed ANN model under various circumstances. Applying the ANN model having a structural relationship with the temperature control logic is expected to enable more efficient control of envelope openings and temperature control device operation in order to maintain a more comfortable indoor thermal environment.
This study employs three research phases to achieve the research objectives. First, the relationship between indoor air temperature conditions and other environmental factors such as outdoor and cavity temperatures and the amount of solar irradiance that reaches vertical surfaces were statistically examined. A new ANN model comprised of environmental factors significantly correlated with the indoor temperature as the input variables was subsequently developed.
Next, the structure and learning methods of this new ANN model were parametrically optimized in terms of the prediction accuracy. The difference between the predicted values from the ANN model and the measured values from an actual building was compared for the optimization phase. Finally, performance tests of the optimized ANN model were conducted for various control options, which were combined with the conditions of openings installed in the internal and external envelopes of an actual building.
Determination of Relationships between Thermal Factors
Indoor air temperature conditions are derived by heat transfer processes such as conduction through the envelope, ventilation and infiltration rates, solar radiation, and internal loads. The relative factors associated with the heat transfer process through a double skin envelope are summarized in Figure 3 . Indoor, outdoor and cavity air temperatures, solar irradiance, people, lighting and equipment indoors, surface opening conditions, and the size and properties of envelope components determine the amount of heat transferred between the indoor space and outdoor environment. Previous studies [1, 2, 8, 10] . employed the following seven factors as input variables for the ANN model to predict future indoor temperature: (i) current indoor temperature; (ii) degree of indoor temperature change from the preceding control cycle; (iii) outdoor temperature; (iv) cavity temperature; (v) amount of solar irradiance on a vertical surface; (vi) opening conditions of the inner surface; and (vii) opening conditions of the outer surface. These variables were intuitively selected based on the general assumption that all those factors might influence indoor temperature. Thus, analysis of the correlation between inputs and the output of the ANN model needs to be performed in order to select statistically meaningful variables as inputs. In this study, data collected from field measurements in an actual building with a double skin envelope were analyzed to determine the exact relationships among various thermal factors that affect the thermal environment of buildings with double skin envelopes.
Field Measurement Conditions
Data collection was conducted in an actual double skin enveloped building constructed in Ansan, South Korea (latitude: 37°17' N, longitude: 126°49' E). The building properties and measurement conditions used for data collection were the same as the conditions used in previous research [3, 4] . Figure 4 details the properties of the building. 
The building was constructed with a curtain wall structure and has three stories with fully covered glazing in its long façades facing east and west. The long axis of the building where the double skin envelope was installed was rotated 26° to the west from the north-south axis. The double skin envelope was installed on the two long main facades marked in Figure 4 . The double skin system covered the first floor of the building. Since the internal and external skin was covered with glazing, a cavity space existed between them. During the measurement period, the test double skin module was not occupied by any persons. In addition, no heating and cooling systems were operated for thermal conditioning. Figure 4 shows the detailed configuration of the cavity space in the double skin envelope. The width, depth and height of the cavity space were 5.7 m, 0.5 m and 3.6 m, respectively. Two 0.6 m (width) by 0.35 m (depth) openings were installed at the top and bottom. The remaining part of the surface was fully covered with plastic material such that air was only able to pass through the openings. The distance from the ground and the opening at the bottom of the cavity was 0.3 m. The presence of the openings induced air to naturally flow from the bottom and be exhausted through the opening at the top. A conceptual description of the airflow through the cavity space is shown in Figure 4 . The heat transfer coefficients of the glazing used for the external and internal envelopes were 5.88 W/m 2 K and 2.83 W/m 2 K, respectively, which satisfy the national building codes in Korea. The solar heat gain factors for the external and internal envelope were 0.855 and 0.755, respectively. The absorption and reflection coefficients for the external glazing were 0.095 and 0.075 and those for the internal glazing were 0.101 and 0.126. Venetian blinds were installed on the outside of internal envelope in order to control the solar irradiance penetrating through the envelopes. The depth of the slats was 2.54 cm and the distance between each slat was 2.54 cm. During the data monitoring periods, the blind slats remained horizontal and covered the entire outside area of the internal skin.
Data was collected daily for 12 months beginning in December 2007. The monitoring interval was 1 min for the daily data monitoring period, which spanned from 00:00 to 24:00. The air temperature was measured at 80 points, and thermal properties related to the sun, such as irradiance and illuminance, were measured. The data were saved by an automatic data logger system and transferred to a personal computer. The data was classified into three categories, which were clear, partly cloudy and overcast conditions. Selected data are used in this paper to discuss the variation in and relationships among thermal factors.
Relationship among Thermal Factors Based on Field Measurement
A variety of thermal factors that potentially influence indoor temperature were measured from in this study. Among them, some factors were selectively chosen for our discussion of their variation with respect to sky conditions. Figure 5 shows the variation in outdoor horizontal and vertical irradiance under clear (14 February) and overcast (25 February) skies.
Under a clear sky, the horizontal irradiance varied stably over the entire data monitoring period, although very little fluctuation occurred in some cases. This indicates that the sun was not blocked by the clouds, leading to a maximum value of 640.65 W/m 2 with a stable variation pattern. The irradiance on the day when the sky was overcast also showed a stable variation pattern across the days' monitoring intervals. The maximum value was 312.18 W/m 2 , which was 48.72% that under clear sky. The amount of vertical irradiance that reached the easting-facing envelope under the overcast sky showed stable changes. Due to the orientation of the building, the maximum value of 280.57 W/m 2 was observed at 08:59 when the solar azimuth angle was −54.79°. The irradiance decreased steeply until 11:00 and did not exceed 96.26 W/m 2 for the remaining monitored time period, although horizontal irradiance did increase toward the maximum value. The mean ratio of vertical irradiance to horizontal irradiance during the monitored period was 26.21% and 36.92% on a clear and overcast sky, respectively. The vertical irradiance under an overcast sky was lower than that under a clear sky. The difference in vertical irradiance between the clear and overcast skies was greater than that of horizontal irradiance due to the direct irradiance on the east-facing double skin envelope. After 11:00 the vertical irradiance under overcast and clear skies did not differ significantly due to the position of sun. This result implies that the influence of irradiance on cavity and indoor temperature is weak due to the steep decrease in incoming irradiance that occurred because of the building's orientation. The variation in temperature for the selected days under clear and overcast skies is shown in Figures 6 and 7 . Overall, the outdoor temperature during the daytime period under an overcast sky was lower than that under clear conditions. The lowest outdoor temperature was −10.5 °C during the nighttime in the absence of solar irradiance. The cavity temperature was higher than the indoor temperature when the vertical solar irradiance on the east-facing envelope was greatest. As the vertical solar irradiance diminished, the cavity temperature decreased below the indoor temperature since the openings installed at the bottom and top of the cavity allowed air to flow through cavity space without relatively being heated. Although the outdoor, indoor and cavity temperatures differed depending on the time of day and sky conditions, their variation patterns looked similar over the course of the monitoring periods. This result suggests that the change in indoor temperature is related to the outdoor and cavity temperatures.
Linear regression methods were employed in this study to examine the relationships between indoor temperature and thermal factors that influence changes in indoor temperature. Since the indoor temperature is influenced by various thermal factors that affect buildings, factors related to building thermal performance monitored in the field measurements were considered for inclusion in the regression models. Using the regression method, linear prediction models of the relationships between indoor temperature and thermal factors were developed for the various sky conditions considered in this study. Scatter plots for outdoor and indoor temperature were examined prior to determine appropriate regression for the relationship between them. The plot indicated that linear regression was a best suited for the relationship between outdoor and indoor temperature. Indoor temperature was the dependent variable and vertical irradiance arriving at the envelopes, outdoor temperature, and air temperature in the cavity space were used as independent variables in the respective models. The relationship between indoor temperature and each variable during the monitoring periods is shown in Table 1 , and a graph illustrating an example of a linear regression pattern for a day is shown in Figure 8 . Overall, the results of the regression analyses imply that indoor temperature has a strong linear relationship with outdoor temperature and cavity temperature. ANOVA (ANalysis Of VAriance), which presents statistical analogousness between variables or groups, results indicated that the prediction models under all three sky conditions were significant at the 0.05 level.
The coefficient of determination for the models varied from 0.5802 to 0.8913, indicating that the reduced error variance in the indoor temperature vs. outdoor temperature or cavity models ranged from 58.02% to 89.13% for all three sky conditions considered in this study. This means that indoor temperature was effectively influenced by the outdoor temperature and cavity temperature under various sky conditions. In particular, the coefficient of determination was higher when the cavity temperature was included in the model. However, the relationship between indoor temperature and vertical irradiance arriving at the east-facing envelope was very weak due to the building orientation, under which a small amount of irradiance accumulated continuously during the data monitoring period. The coefficient of determination for this model ranged from 0.0060 to 0.0853, indicating that the error reduction of variance for the prediction model ranged from 0.6% to 8.53%. This result means that the reduction in error variance was insignificant. The ANOVA results confirmed this finding. In summary, the influence of air temperature in the cavity space was stronger than the impact of outdoor air temperature. This implies that the cavity space had the greatest influence on the variation in indoor temperature. The influence of vertical solar irradiance reaching the envelope on indoor temperature appeared to be minimal based on the prediction of the indoor temperature of buildings with east-facing double skin envelopes.
Development of a New ANN Model
Based on the relationships discussed in the previous section, a new ANN model was developed using MATLAB, which is a numerical computing and programming software [9] . Its structure is illustrated in Figure 9 . The new model was comprised of one input, one output, and four hidden layers. There were six, one, and ten neurons for the input, output, and hidden layers, respectively. The numbers of hidden layers and neurons were derived as optimal values in a previous study [1] .
Solar radiation is related to the indoor temperature conditions and the reduction of the heating energy. Passive solar system such as solar greenhouses is a good example to understand energy saving effect in winter [11] . However, the amount of current solar radiation was not considered as one of the input variables for predicting future indoor temperature since, as describe in detail in the previous section, the relevance between the solar radiation and the indoor temperature was statistically low.
The reason for this irrelevance is, first, that the solar radiation does not exist during the nighttime, thus the indoor air temperature is not affected by the solar radiation for the nighttime. Secondly, during the daytime as well, the amount of solar radiation fluctuates by the cloud conditions. However, the indoor temperature cannot respond fast to that fluctuation. Therefore, the solar radiation was not selected as an input variable in this ANN model.
Input values for the input neurons were normalized to be between 0 and 1. Normalized values were represented as TEMP IN (from −10 °C to 40 °C), ΔTEMP IN (from −10 °C to 10 °C), TEMP OUT (from −20 °C to 40 °C), TEMP CAV (from −20 °C to 80 °C), opening conditions of the internal skin (opened: 1 or closed: 0), and opening conditions of the external skin (opened: 1 or closed: 0). One output neuron (TEMP PR ) was calculated to produce the future indoor air temperature. The Tangent-Sigmoid transfer function was employed between the input and hidden layers, and the pure linear transfer function and was employed between the hidden and output layers.
The parameters for model training were a 0.75 learning rate, 0.30 moment, 43 training data sets, and the Levenberg-Marquardt algorithm. The values for learning rate and moment were taken from a previous study [1] . In addition, the training goal was set to 0.01 K 2 (mean square of errors). The measured data from actual buildings described in Section 2 were used for the training data set. For the model, the number of data sets was determined by Equation (1) [12] :
The training process was iteratively conducted when a new training data set was provided. For this iterative training process, the sliding window method was used as a data managing technique. Thus, when a new training data set was newly added to the existing data sets, the oldest one was removed to better reflect the new set. 
Optimization of the New ANN Model
A parametrical optimization process was utilized for the structure and learning methods of the new ANN model. Based on the optimal number of hidden layers, the number of neurons in the hidden layers, the learning rate and moment, the optimized ANN model was expected to produce more accurate and stable outputs. Data measured in the building with a double skin envelope described in Section 2 were used as the data set for the optimization process.
The optimal structure and learning methods were determined by comparing the difference in the root mean square (RMS) between monitored values from the actual building and predicted values from the ANN model. The parameter with the least RMS was chosen as the optimal method. Before each optimization step, the weights between neurons were initialized again to prevent the previous optimization process from influencing the results.
The first parameter to be optimized was the number of hidden layers. RMS(s) ranging from 1 to 10 were compared in this step. During the first optimization step, the number of neurons in the hidden layers, learning rate, and moment were fixed as in the initial model. All ten models with different numbers of hidden layers predicted the future indoor temperature conditions stably, therefore the RMS values of the errors were all smaller than the designated training goal (RMS: 0.1 K, MSE: 0.01 K 2 ). The model with six hidden layers had the lowest RMS of 0.03735 K, and thus six was deemed the optimum number of hidden layers.
The second parameter was the number of neurons in the hidden layers. Models with different numbers of neurons in each hidden layer ranging from 10 to 20 were compared. During this step, the number of hidden layers was fixed at six based on the previous step, and values for learning rate and moment were the same as in the initial model. All models had stable RMS values that satisfied the training goal. The minimum, and therefore optimum, value of 0.03735 K was achieved by a model with 13 hidden layer neurons.
The third and fourth parameters were the learning rate and moment, respectively. ANN models with from 0.00 to 1.00 and a 0.05 increase in size for each parameter were tested. The optimum number of hidden layers (6) and the number of hidden layer neurons (13) were applied for these steps. The optimum learning rate and moment were 0.55 (RMS 0.03705 K) and 0.25 (RMS 0.03647 K), respectively. Based on this optimization process, the optimal structure and learning methods for the ANN model was determined to be 6 hidden layers, 13 neurons in the hidden layers, a 0.55 learning rate, and moment of 0.25.
Performance Tests of the Optimized ANN Model

Description of the Performance Tests
Performance tests of the optimized ANN model were conducted using a numerical simulation. TRNSYS [13] and MATLAB [9] tools were incorporated for the simulation. This software package was employed to model the practical conditions of the actual double skin building used for field measurements, and calculate the indoor temperature (TEMP IN ) of the building. The conditions included building properties and related components such as heating and cooling systems, internal load, ventilation rates, initial thermal conditions and weather data.
The calculated air temperature was used in MATLAB for numerical computing and programming. MATLAB was effective for developing an ANN model and calculating future indoor temperature (TEMP PR ) by the ANN model. It also functioned to determine the most efficient operation of the heating and cooling systems, and the optimal opening strategies of the double skin envelopes. Decisions for the temperature control systems and opening configurations based on the results from MATLAB were fed into the TRNSYS in order to operate the heating and cooling systems and envelope opening. Then, a new indoor temperature from the TRNSYS was used in MATLAB. This process was iterated at every control cycle. In addition, when a new training data set is acquired, it is added to the training sets removing oldest one.
The validity of the combined simulation method was proven in a previous study conducted by Moon et al. [1, 2] . In that study, indoor temperatures predicted using an ANN model were compared with the indoor temperatures determined from monitoring the existing building. The RMS of the difference between them was 0.0259 K, smaller than the designated goal of 0.1 K RMS. This finding means that these simulation tools can be used to successfully conduct performance tests on the developed ANN model.
The developed ANN-based logic and the non-ANN counterpart were applied in the test building described in Figure 10 and Table 2 . The non-ANN-based logic, which represented the conventional logic, was designed to turn on the heating or cooling systems when the indoor air temperature was outside the specified comfort range. Four control options for the openings installed in the envelopes were independently applied in the control logic. The first option was closure of the openings in both the internal and external envelopes (case 1). The second option was closure of the opening in the internal envelope and opening of that in the external envelope (case 2). The third option was closure of the opening in the external channels and opening of that in the internal envelope are (case 3). The last option was leaving both internal and external envelopes open (case 4).
Performance tests were conducted for two weeks selected from the heating and cooling seasons. The test results obtained during the first week were not considered in the primary analysis results since the ANN model needed to adapt to the test building. The test results for the second week are primarily discussed in this study.
Result Analysis
The conditions influencing the indoor air temperature in the winter determined by the ANN-based logic and non-ANN-based logic for the four opening strategies are compared in Figures 11-14 . The comfortable periods of indoor temperature, mean temperature, and the amount of heat supplied according to the two types of logic are summarized in Table 3 .
For the case 1, where both the internal and external envelopes were closed, the adjustment of indoor temperatures by the ANN-based logic and non-ANN-based logic showed similar patterns (Figure 11 ). This finding suggests that the logic employed to predict temperature using the ANN worked properly. Furthermore, the length of the comfortable indoor temperature period increased by about 0.12% for the test period when the ANN-based logic was used (Table 3 ). In particular, cold periods due to undershooting by the heating system did not exist. The average temperature determined by the ANN-based logic was 0.18 °C, higher, thus more heat had to be supplied indoors. The indoor air temperature profile for case 2 is shown in Figure 12 . The number of system on/off cycles decreased due to the scanty insulation of the envelopes. Since the opening at the external envelope was opened, the thermal buffer zone in the cavity space did not function effectively. It therefore took more time to heat the indoor space to the upper limit of the comfort range, which was assumed to be 23 °C in this study.
Regarding temperature stability, the ANN-based logic provided similar or slightly more stable temperature conditions compared with those provided by the non-ANN-based logic (Table 3) . Similar to the previous case, the degree of fluctuation was less significant with the predictive logic, thus the comfortable period was extended by 0.09%. The amount of heat supplied by the ANN-based logic was larger than that supplied by the conventional logic because the indoor temperature was conditioned as much as 0.31 °C higher compared to the non-ANN-based logic. Figure 13 shows the indoor air temperature in case 3, where the internal envelope was opened and the external envelope was closed. In this case, the thermal buffer zone formed by the enclosed cavity space was removed due to the airflow through the opening in the internal envelope. In addition, the actual insulation level of the external envelope was lower than that in case 2 since the insulation capability of the external envelope is weaker than that of the internal envelope. Thus, the number of heating system on/off cycles was reduced because more time was required to heat up the indoor space. For the temperature conditions, both types of control logic yielded similar results, but the duration of the comfortable period was markedly increased by 2.07% when the ANN-based logic was used (Table 3 ). Both types of logic created a significantly uncomfortable cold period comprising 30% of the total period. This was not due to a logic malfunction, but the insufficient capacity of the heating system. Even when the heating system was working, the indoor temperature dropped under the lower limit of the comfort range, which was 20 °C in this study. This phenomenon was also related to the weaker insulation capability of the external envelope. Similar to cases 1 and 2, the average indoor temperature maintained by the ANN-based logic was higher than that maintained by conventional logic. The difference between them was 0.04 °C and more heat was supplied to the space.
With case 4, where the internal and external envelopes were both opened, the temperature profiles determined by the ANN-based logic and non-ANN-based logic were identical. The variation pattern of the profiles is shown in Figure 14 . The variation was due to the direct supply of cold outdoor air to the indoor space through the openings in envelopes. The indoor temperature failed to reach the comfort range despite the fact that the heating system worked according to schedule. Accordingly, the comfortable period under this condition was zero. As shown in Table 3 , the average temperature and the amount of heat supplied to the indoor space were equal.
A comparative performance analysis of the ANN-based logic and non-ANN-based logic was conducted for the four opening strategies during the summer. The results are shown in Figures 15-19 and Table 4 . As presented in Figures 15 and 17 , the indoor air temperature conditions for case 1 and 2 were relatively well stabilized within the comfort range, which was between 23 °C and 26 °C in this study. Figure 16 magnifies the temperature profile for case 1. At every on/off cycle of system, the overshoot and undershoot by the non-ANN based logic went out of the comfort range, while those of the ANN-based logic maintained the indoor temperature within the comfort range. The comfortable indoor temperature periods were increased by the ANN-based method by as much as 0.68% for case 1 and 0.20% for case 2. The amount of heat removed in case 1 was reduced although the average indoor temperatures for the two types of logic were nearly the same. On the other hand, as shown in Table 4 , it was slightly increased for case 2 due to the lower average indoor temperature.
For case 3, where the internal envelope was opened and the external envelope was closed, the comfortable periods provided by both control logics were significantly reduced due to the weak envelope insulation. As shown in Figure 18 , the indoor temperature was out of the comfort range during the daytime even when the cooling system was working. The comfortable periods for the ANN-based logic and non-ANN-based logic were 80.60% and 72.60%, respectively, indicating that the ANN-based logic created an 8.0% longer comfortable period than the non-ANN based logic. It is also shown in Table 4 that the ANN-based logic required 239 kJ less heat to be removed for space cooling than did the non-ANN-based logic. Table 4 shows the comfortable periods for case 4, where the openings in the internal and external envelopes were both opened. The overall comfortable periods maintained by the ANN-based and non-ANN-based types of logic were 79.02% and 79.00%, respectively. Temperatures that may cause thermal discomfort occurred in the early morning and during the daytime as shown in Figure 19 . The indoor temperature in early morning dropped below the comfort range due to penetration of the cold air from outside, and the indoor temperature during the day rose above the comfort range even though the cooling system was working. The improvement achieved by the ANN-based logic was 0.02%, but the ANN-based logic required more heat to be removed due to the lower average indoor temperature.
Based on the analysis of the temperature conditions for winter and summer, it was concluded that the ANN-based logic created more stable indoor temperature conditions with increased comfortable periods and decreased overshoot and undershoot out of the comfort range. The findings discussed in this study support the potential of applying the ANN model to the control logic based on its prediction accuracy and adaptability. 
Conclusions
This study aimed at developing an ANN model that is reliable with respect to the relationship between input and output variables. A new ANN model was developed followed by an optimization process. The performance of the optimized ANN model was tested for diverse opening strategies in heating and cooling seasons. A summary of the findings of this study is provided below:
(1) The primary influential thermal factors affecting the prediction of indoor temperature by the new ANN models developed in this study were the outdoor and cavity temperatures since they were significantly related to the indoor temperature of an actual double-skinned building in summer and winter. The vertical solar irradiance reaching the envelopes was excluded from the new ANN model since the statistical correlation between indoor temperature and solar irradiance was insignificant. This implies that thermal factors generally used for input variables in prediction models should be prescreened in order to improve the prediction accuracy of the ANN-based model.
(2) The new ANN model was parametrically optimized in terms of the root mean square (RMS) of the difference between the predicted data from the ANN model and the monitored data from an existing building. The optimized ANN model, which had six hidden layers, 13 neurons in the hidden layers, a 0.55 learning rate, and a moment of 0.25, predicted the future indoor temperature more accurately and stably.
(3) The performance tests of the optimized ANN model-based control logic for four different opening strategies of a double skin envelope during the heating and cooling seasons revealed that the ANN-based logic yielded an improved indoor temperature environment compared to that provided by the non-ANN based logic. The overall comfortable temperature period maintained by ANN-based control increased with reduced frequencies of overshoots and undershoots out of the comfort range. However, the amount of heat supplied during the heating season and heat removed during the cooling season was not significantly reduced by the ANN-based logic.
The results of this study imply that optimally modified ANN models have the potential to be successfully applied in temperature control logic for buildings with double skin envelopes. The ANN model proposed in this study was able to predict future indoor temperatures for diverse envelope opening strategies. Thus, based on the predicted future temperatures, the control logic can efficiently determine the operation of heating and cooling systems as well as the opening configurations of the double skin envelope in terms of thermal comfort and energy savings.
This study was performed under the limited conditions of field measurements and the limited boundaries of the two types of control logic. Building energy efficiency achieved by the application of the ANN-based model was not examined in this study. Further studies are necessary to investigate the performance of the ANN-based temperature control logic in a real building environment in order to examine the effect of energy savings and work productivity under the improved thermal environment.
The effect of shading devices in the double skin envelope was not considered in this study. The developed ANN model needs to employ the status of the shading device as one of the input variables or the operation of the shading device could be determined in the rule-based control logic. Further study regarding this issue is warranted in the future.
An ANN model for predicting indoor PMV or PPD values must be valuable to be developed. For this, a variety of additional input variables are required such as humidity, mean radiant temperature, air movement, and occupant's activity and clothing level. The simplified model will be necessary, and once the PMV predicting ANN model and control logic was developed, it must be very helpful to provide an overall thermal comfort to the occupants.
In addition, cavity temperature in real situations is influenced by outdoor temperature and variation of solar irradiance during daytime. In some sense, the variation of cavity temperature needs to be predicted in advance in order to predict indoor temperature. In this study, the cavity temperature was not predicted but monitored in field measurements. For the prediction of indoor temperature, the monitored cavity temperature functioned as an independent variable, where the influence of solar irradiance and outdoor temperature was reflected. In future study, prediction models to calculate cavity temperature based on surrounding thermal components, such as irradiance and outdoor temperature need to be considered.
